I. INTRODUCTION.
The Fatal Accident Reporting System (FARS) gathers data on fatal traffic accidents in the United States. Data are collected at the state level for the National Highway Traffic Safety Administration (NHTSA), which publishes results in an Annual Report (NHTSA 1985) . An important methodological concern with FARS data is the high level of nonresponse for certain variables, particularly blood alcohol content (BAC), an important variable in FAILS analysis that is available only when a blood sample is taken. In 1987 NHTSA convened a panel of statisticians to provide the agency with guidance on imputation methods for FARS. The main goals articulated by the agency were a) to produce a public use data file that does not contain missing data; and b) to obtain a method for imputation of FAILS variables that can provide valid standard errors for values thus imputed. This paper proposes a multiple imputation method for FAILS data that largely meets these goals, and improves on existing practice. Some preliminary results on applying the method to 1985 FARS data are presented, and some further refinements are outlined.
With respect to the goals, we think that the imputation method adopted by NHTSA should aim to have the following properties (cf. Little 1988):
A) It should be appropriately conditional, in the sense that imputes for missing values in a record should condition on the values of observed variables for that case.
B) The method should take into account the multivariate nature of the nonresponse, that is, the fact that values are missing on more than one variable, with a general pattern of missing data.
C) Imputations should not distort marginal distributions and associations between the observed and imputed variables. To achieve this they should be stochastic, that is they should represent values from the predictive distribution of the missing variables, rather than means.
D) The imputed data set should allow the computation of valid standard errors of estimates of relevant parameters from complete-data methods applied to the filled-in data.
Note that the last goal differs somewhat from NHTSA's goal b), in that it concerns standard errors for parameter estimates rather than for the imputed values themselves, which are usually of secondary interest. The main limitation of these goals is the failure to account for so-called nonignotable nonresponse, which arises when the distribution of respondents and nonrespondents on an incomplete variable differs, even after conditioning on values of observed variables. Adjustments for nonignorable nonresponse are highly speculative, and are not considered here.
As a starting point we first consider Klein's (1986) discriminant analysis method, which represents a useful advance on previous approaches to the missing-data problem in the FARS. Klein fills in missing values in the BAC variable (which is in units of percent alcohol in the blood), by a) splitting BAC into three levels, BAC=0, 0<BAC<0.1 and BAC>_0.1, and b) computing probabilities of falling into these three categories conditional on observed covariates, using discriminant analysis coefficients estimated from the complete cases. The splitting of BAC into three categories is motivated by the fact that the upper (0.1) limit is the legal limit in many states. The discriminant analysis provides a computationally straightforward method of incorporating knowledge about observed covariates into the imputations. That is, the imputations satisfy goal A) to some degree.
However, the method does have limitations. On a general level, the use of discriminant analysis to predict a categorical outcome requires multivariate normal assumptions for the predictors, which are not justified here since the majority of the predictors are categorical in nature. We propose a different treatment of the BAC variable based on logistic regression for the zero/non-zero dichotomy, and linear regression for the amount given that it is non-zero. This treatment avoids both the multivariate normal assumption in the discriminant analysis method and the grouping of the non-zero amounts into just two categories. We also attempt to improve on the treatment of observed covariates in Klein's analysis by a more systematic treatment of interactions, and by some modeling of state differences, which are not adequately captured by the Klein models.
Turning to goal B), the Klein method is not multivariate in that it deals only with missing data in BAC, which is the most important of the FAILS variables with substantial missing data, but is not the only one. In the 1985 FAILS data three variables had substantial proportions of missing data: BAC (57.1%), police-reported alcohol involvement (DRINKING, 29.2%) and seatbelt use (MRESTR, 23.3%). Table 1 shows the pattern of missing data with respect to these three variables, based on a 10% sample of the data. The pattern does not exhibit a convenient monotonic form. Two other variables had small but non-negligible amounts of missing data, driving record (DRR~C, 4.0%) and license status (LSTAT, 3.1%); these two variables tended to be missing or present together. Other variables had nonresponse rates of less than 2%.
To make the Klein method stochastic in the sense of goal C), the analyst might impute a specific value of the BAC variable by sampling from this trinomial distribution. This is not hard to do, but requires of the analyst knowledge about missing-data methods. A simple improvement of the method would be to replace the vector of probabilities by a vector of three draws from the trinomial distribution. Then the variability of estimates from three analyses of the filled-in data using a) the set of first draws, b) the set of second draws and c) the set of third draws, would give an indication of added imputation variance. This is a crude form of multiple imputation (Rubin 1987) . With refinements to allow for the fact that parameters in the model are estimated, multiple imputation allows valid estimates of variance to be computed from the filled-in data sets, as sought in goal D). Multiple imputation is an important feature of our proposed approach.
THE PROPOSED
PROCEDURE. With respect to goal C), the Klein method is not stochastic as currently implemented, supplying for each missing BAC value a three-dimensional vector of proportions representing estimates of probabilities of falling into each of the three BAC categories. A consequence of imputing proportions is that valid standard errors of estimates cannot be readily constructed from the predicted probabilities supplied in the Klein method.
The Basic Method.
Our method is an adaptation of predictive mean matching, first proposed by Rubin (1986) in the context of statistical matching, and developed in the missing-data setting by Little (1988) . Each incomplete case is matched to five complete cases with similar predicted values for the BAC variable. Each matched complete case supplies an imputation for every missing value in the incomplete case. Thus a multiply-imputed data set is achieved with M = 5 imputes for each missing value. Appropriate inferences for any particular analysis are achieved by repeating the analysis five times, with each of the five imputed values substituted for each missing value in turn. The resulting estimates and standard errors are combined by the simple procedures for analyzing multiply imputed data sets discussed in Rubin (1987) , as summarized in Section 2 below.
The metric for matching complete and incomplete cases is based on regressions on the following variables:
1, ifBAC > 0 and TESTI= 0, ifBAC=0 BAC, if BAC > 0 TEST2 = missing, ifBAC= 0 " (Cf. Herzog and Rubin 1983) . Specifically, the method involves the following steps: 1) Estimate the regression of TEST1 on all variables except BAC, including interactions between variables with large main effects if they add to the fit, and selecting variables by stepwise methods. The regressions are estimated using the complete cases, that is, cases with all variables observed. Exploratory regressions to select regressors can be linear; given the 7) binary nature of TEST1, final regressions on TEST1 are preferably logistic if software is available for the large sample sizes involved. However this is not an essential requirement, since the regression equation is only used to supply a metric for matching complete and incomplete cases.
2) Regress TEST2 on all variables except BAC, using complete records with non-zero BAC levels. This regression can be linear in form; the histogram of TEST2 from a 10% sample of 1985 data (not shown) does not suggest the need for transformation, although attention might be paid to a small number of cases with particularly large BAC values, to ensure that they do not unduly influence the least squares estimates. Results on some preliminary work on the regressions of steps 1) and 2) are given in Section 3 below.
3) Compute predicted means of TEST1 for each complete case, and predicted means of TEST2 for each complete case with positive B AC level. This is a standard computation.
4) For each incomplete case, fill in missing values of regressor variables from 1) by their means from complete cases. These are not the final imputes for these missing values, but are introduced so that the single estimated regression equations for TEST1 and TEST2 can be applied to cases with missing regressor variables.
5) Compute predicted means for TEST1 and TEST2 for each incomplete case, by applying the regression equations computed in steps 1) and 2).
6) Find for each incomplete case i the five complete cases j with the smallest values of the distance function
where TESTI(k) and TEST2(k) are predicted means for record k from steps 3) and 5), and V1 and V2 are the sample variances of the predictions of TEST1 and TEST2 respectively, based on the complete cases. The idea is to get matches that are close to the incomplete case with respect to predicted means of TEST1 and TEST2. Alternative choices of metric are discussed in Section 5.
From the five matched complete cases, randomly select with replacement a sample of size five. The five imputes for each missing value are the observed values of the missing variables from these five complete cases. These values overwrite the imputed means for missing regressors from Step 4).
Inference from multiply-imputed data is straightforward using the methods described in ltubin (1987) . In particular, confidence intervals are computed in the following manner. Some number M (in our case, M = 5) of analyses are performed, where for analysis m the ruth imputation of each missing value is substituted. For the ruth analysis, let 9rn be the estimate of a particular parameter ~ of interest and ~f,, be its estimated variance, ignoring the effect of imputation. Note that r is roughly the relative increase in variance due to nonresponse.
A refinement of this analysis replaces the normal reference distribution by a t-distribution with degrees of freedom, where
is based on a Satterthwaite approximation (Rubin and Schenker 1986; Rubin 1987, Section 3.1).
2.2 A Refinement.
IMPLEMENTATION.
A problem with the basic method described in Section 2.1 is that it does not account for uncertainty in the estimates of the parameters used in the regression equations that define the matching metric. Methods that ignore this source of variability have been termed "improper", and it is known that in general they lead to interval estimates that are too small (Rubin 1987). Thus we have developed an adaptation of predictive mean matching that accounts for this additional source of variability.
The basic idea of our method is to use different sets of regression parameter estimates to compute the matching metric. Each set of parameter estimates will be used to generate a single set of imputed data. The parameter estimates should be drawn from their posterior distribution given the data, which could be done approximately by drawing from a multivariate normal with mean at the MLE and covariance matrix based on the observed information matrix. Another alternative-and the one we have elected to use in this application ---is to achieve draws of the parameters by drawing bootstrap samples from the complete cases and refitting the regression models for each. This second method is easier to implement, as it does not involve computing the incomplete data information matrix. The method can be viewed as a generalization of the approximate Bayesian Bootstrap, as described in Example 4.4 of Rubin (1987) .
Specifically, a single set of imputations is created in the following four steps: 1)
2) 3)
Draw a bootstrap sample from the set of cases having complete data on all variables.
Use the bootstrap sample to compute estimates of the parameters in the regressions of TEST1 and TEST2 on the selected predictors.
For each case with missing data, find the five complete cases that match it most nearly using the metric of equation (1). 4) Select one of these five matches at random, and use it as the donor for imputing values for all the variables that are missing on that incomplete case.
Any number of imputations may be created by repeating these steps. Such data sets should be analyzed using the methods of Section 2.1.
Regression Modeling.
To give some idea of how the methods described in Section 2 work we present results from an analysis based on a 10% sample of records on drivers from the 1985 FARS data set. Stepwise linear regressions for TEST1 and TEST2 were estimated for the limited set of regressors defined in Table 2 . Resuits are displayed for the models with the lowest Cp statistic, in Table 3 for the regression of TEST1 and in Table 4 for the regression of TEST2. Conclusions can be summarized as follows:
1) For the binary variable TEST1, the R 2 for the "best" (lowest Cp) model is 0.668 (Table 3) . As one might expect, police-reported alcohol involvement (DRINKING) is a very good predictor; with this variable missing the R 2 drops to 0.254. Adding all remaining variables to these models results in negligible increases in R z .
2) For the amount variable TEST2, the R 2 for the best model is 0.200 (Table 4) . When DRINKING is missing the/~2 drops to 0.135. Thus (as one might expect) the ability to predict amounts of blood alcohol is not as good as the ability to predict presence. Despite this result, many of the regressors had substantial and highly significant effects on the TEST2 means, so the regression is far from a waste of time. Again, adding the remaining variables resulted in a negligible increase in R 2.
3) The recoded state dummies 1 and 3 are highly significant in the TEST1 regressions, suggesting some differentials in presence of alcohol between states. State dummies are not very predictive in the TEST2 regressions, however.
In fitting the models we used a different state coding system than we had used in the variable selection stage, and we included all state code dummies in the regression equation. The newer code system consists of ten codes based on the NHTSA administrative regions system.
4) The effects of accident severity and age are particularly significant. The effects of age are nonlinear, since the quadratic terms as well as the linear terms are important. (Table 5A ). On the other hand, the proportion with a positive response on officer-reported drinking is higher among the imputed cases than among the cases with data observed for this variable (Table 5B).
In Table 5 we have presented only results of the proper imputations, because we noticed very little difference between the data sets imputed using the two methods. This was expected, since the objective of using the proper imputation method is not to change location estimates but to increase their variability to more accurately reflect posterior uncertainty. Thus the differences between the two methods should not be apparent when comparing the results of single imputations. Table 6 displays 95% confidence intervals for six summary statistics based on the entire sample, computed by seven methods: a) standard analysis using only available cases, i.e. those for which the variable is available (Method AC); b) standard analysis based on the first imputed data set using the improper method (I1); c) the multiple imputation analyses of the first three (I3) and all five (I5) imputations using the improper method; d) the analogous inferences based on the imputations using the proper method (P1, P3 and P5). A column for the percentage of missing data is included; for method AC this is simply the fraction of missing cases for each variable, and for the other methods it is the percentage of missing information, computed using Equation (3). The last column shows the degrees of freedom for Rubin's t correction, computed using Equation (4). The t correction was used in computing confidence intervals for the analyses using three or five imputations.
The centers of the confidence intervals for the imputation methods I1, I3, I5, P1, P3 and P5 are very similar, and are close to method AC except for the alcohol variables, for which method AC yields much higher estimates. The widths of the confidence intervals for M = 3 and M = 5 are always greater than the widths for M = 1, reflecting the fact that multiple imputation includes the component of between-imputation variance. For the BAC variables and DRINKING the widths of the multiple imputation intervals (except for P3) are narrower than the intervals from available cases, reflecting the gain of information from using incomplete cases. There are discrepancies from the general patterns, however, which we expect would disappear if more imputations were done. The degrees of freedom and percentage information losses are quite variable for these small values of M. Notice that the variables that do not directly measure alcohol consumption are less affected by the imputation than are the alcohol variables. We believe that two factors are responsible for this: First, the proportions of missing data are smaller for these variables, so that the effect of imputation is necessarily smaller. Second, these variables were not used as responses in computing the distances, so the regression models appear to predict these variables only indifferently.
REMARKS AND REFINEMENTS.
1) In determining matches, the proposed method gives weight to variables that are highly predictive of BAC. As such, the method places primary emphasis on the BAC variables in supplying the best possible imputations. This seems appropriate given the extent of nonresponse of this variable and its importance for analysis. The method does supply imputes for the other variables that are in line with the stated goals in Section 1. One possible variation of the method would be to also compute regressions on seatbelt use, and then include predicted seatbelt use in the metric (1). The impact of this change would depend on the extent to which the prediction equation for seatbelt use differed from the prediction equations for TEST1 and TEST2.
2) The choices of five matches for each imputed value and five imputes for each missing value are somewhat arbitrary. There is a law of diminishing returns as the number of imputes increases; thus two imputes are much better than one, three are somewhat better than two, and gains from more than three are somewhat smaller. In fact, the decision to create five imputes was based on instabilities observed in an earlier version of Table  6 , in which only M = 1, 2 and 3 were considered. Knowledge of 7 can be used to guide the choice of M (cfi Rubin, 1987) . However estimates of 7 and the degrees of freedom are very unreliable if M is small, although the sampling properties of multiple imputation procedures are quite good even if M is only 2 or 3 (Rubin and Schenker 1986).
3) The metric of Equation (1) has no strong theoretical basis, and might be profitably modified, for example by allowing for covariation between the predicted means or by replacing V1 and V~ by residual variances from the regressions. A more refined alternative to matching on TEST1 and TEST2 simultaneously is the following twostage procedure: a) fill in TEST1 = 0 or 1 for TEST1 by Bernoulli sampling with probability P(TEST1 = llz) estimated from the regression of TEST1 on z. b) If TEST1 = 1, TEST2 is imputed by matching to a case with TESTI= 1 based on the predicted means TEST2. If TEST1 = 0, then TEST2 is imputed as zero, and other missing values are imputed by matching to a complete case with TEST1= 0. The metric could be based on predicted means from regression on another variable with a substantial fraction of missing values, such as seatbelt use.
This method has theoretical advantages over the basic method in Section 3, but note that the predicted probabilities from the TEST1 regression are used directly, so that this regression needs more careful modeling than in our procedure, where the regression model is used only to determine a metric for matching. Also in repeating the procedure to obtain several imputes, a complete case can be matched to cases with TESTI-1 and TESTI=0, so the matching procedure is a bit more complicated to implement than the single step procedure based on Equation (1).
SUMMARY.
We have proposed a method for multivariate multiple imputation for missing values in FAILS data sets. The method involves only standard regression software and a fairly easily programmed matching algorithm, makes good use of available information on incomplete records, fills in all the missing values, and largely meets the goals of a good imputation procedure outlined in Section 1. In particular the method provides a means for assessing the impact of imputation by presenting a set of five imputes for each missing value. A preliminary implementation on a subsample of FARS data illustrated the fact that observed covariates have some predictive power for imputing missing BAC values, particularly when police reported alcohol involvement is available.
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